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SUMMARY:: This study develops a machine learning approach to score business English
writing and generate feedback that is tied to the actual text. Existing automated scoring
systems are usually reliable for surface features such as grammar, vocabulary, and sentence
form, but they are less consistent when the task involves tone, coherence, or how well a
response fits a business context. In many cases, the feedback they produce is also too broad to
help with revision. To address this problem, we organize the model into three parts. The first
part learns a representation of writing quality so that responses with similar wording but
different communicative effectiveness can be separated more clearly. The second part
segments the text and examines local structure, including sentence-level variation and the
progression of ideas. The third part ranks candidate feedback and removes comments that are
repetitive or weakly connected to the relevant passage. The three parts are used jointly during
scoring and feedback generation, rather than as separate stages with little interaction. This
reduces overlap between modules and helps keep the model stable across different writing
samples. In the experiments, the model performed better than the baselines on both scoring
and feedback. Correlation with human ratings increased from 82% to 89%, and feedback
precision rose from 71% to 86%. User satisfaction also improved from 3.6 to 4.4 out of 5,
suggesting that the revised feedback was more specific and easier to use in practice.

KEYWORDS: business English writing; automated writing assessment; personalized
feedback; discourse analysis; writing quality evaluation

1 Introduction

In international business settings, English is used extensively in emails, reports, and day-to-
day cross-border communication[1]. The quality of this writing affects not only how clearly a
message is delivered, but also how it is interpreted and acted upon[2]. Yet evaluating business
English writing remains difficult[3]. Human scoring can vary across raters, even when the
texts are similar, and the time required for manual assessment makes large-scale use
difficult[4]. At the same time, many learners now expect feedback that points to specific
weaknesses in their writing rather than broad comments that are hard to apply in revision[5].
This gap between current assessment practice and learner expectations makes it necessary to
improve both scoring reliability and the usefulness of feedback[6]. The issue is not only
technical; it also matters for the quality of communication in professional contexts[7].

Early writing assessments relied on rule-based systems[8]. These systems scored texts
based on predefined rules of grammar, vocabulary, and sentence structure. But when writing
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changes in terms of style, purpose, or context, they become less practical[9]. When the
writing style or context changes, their performance often drops significantly. Building and
maintaining these rules requires continuous expert input, which limits scalability[10]. Even so,
this work clearly evaluated which linguistic features are important, opening a starting point
for the development of subsequent models[11]. Statistical methods were introduced, because
rule-based scoring has poor generalization effect in different writings[12]. These methods,
unlike predefined rules, will use features such as word distribution, syntactic patterns and
semantic similarity to perform data learning[13]. This makes them more flexible in different
tasks and more stable compared with early systems[14]. But this improvement is limited, their
performance still depends on manual feature design and preprocessing, so important parts of
writing are often not modeled well[15]. Text organization, tone shift and other situations, as
well as whether the response is suitable for business environment and other conditions,
especially under this circumstance[16]. Neural models, especially transformer-based ones,
have changed the game. They model text in context, not as isolated features[17]. They can
more efficiently capture inter-sentence relationships, laying a firmer foundation for writing
assessment[18]. When there is sufficient training data, they reduce the need for handcrafted
features, and can also provide targeted feedback[19]. In commercial writing tasks, fine-tuning
for the task can often improve results again. However, these models are not very easy to use
in practice. The calculation cost is relatively high; the actual system needs to make a trade-off
between performance and training deployment restrictions[20].

To address these problems, we develop a model for scoring and feedback in business
English writing. It builds on neural methods, but the design keeps computation relatively
manageable and focuses on feedback that can be used directly in revision. The model
combines structured representation, segment-level analysis, and probabilistic feedback
filtering. In our setting, the same system can be used for emails, reports, and proposal-based
writing with only limited adjustment. It also generates feedback from local parts of the text
rather than from the document-level score alone. The main contributions of this work are as
follows:

 We build a scoring and feedback model that combines neural methods with a
relatively compact architecture, with the aim of improving performance without making the
system too expensive to use.

» The model is not limited to one business writing task. In our experiments, it transfers
to emails, reports, and proposal-based writing with only minor changes.

« Experimental results show improvements over the baselines in both scoring
consistency and feedback precision.

2 Method

2.1 Overview

This section describes the structure of the model used for scoring and feedback. It includes
three parts: the basic task formulation (2.2), the scoring and segmentation model (2.3), and the
training strategy (2.4). Each part addresses a different part of the pipeline. Taken together,
they are used to improve score stability and make the feedback more usable during revision.
The Preparatory Work part builds up the basic problem environment and puts forward the
variables that are used afterward in the model. As a special case, the quality of writing is
expressed as a latent variable g, and at the same time, the relevance of feedback is marked by
r. These variables cannot be directly seen, but are obtained through inference in the process of
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both training and inference. This section moreover gives the definition of the notation which
is used in the whole paper, hence the later display of the model can keep consistency. The
Manifold Event Optimizer (2.3) is the core forming part of our framework. It is gotten up to
split writing into smaller units and assess them in a structured way. This model inside
contains three modules. The Counterfactual Manifold Shaper builds a hidden space M which
captures both structural and meaning features of the text. This lets the system carry out
comparison between one certain writing work and other possible different changing forms.
The Agent-driven Event Segmenter which is made by people cuts the text into a ordered
series of events {e, e,, ..., e, }, for example sentence level or discourse level units, hence local
problems can be respectively checked by us. The Probability-type Feedback Filtration device
hence chooses feedback in accordance with the relevance that has been estimated, which is
expressed as P(r | e, q). In the actual doing, this step can assist get rid of the suggestions that
are redundant or have low influence. For the coordination of these components, Section 2.4
brings in a constrained optimization strategy. Instead of only doing optimization for score
correctness, the model moreover brings feedback quality and calculation expense into
consideration. This is given the form of

maxf (x) under the condition that g(x) <,
X

wherein f(x) expresses scoring and feedback effect, and g(x) represents the usage of
resources. The restrictive parameter e holds the control of the balance, which lets the system
keep enough efficiency for actual application.

2.2  Preliminaries

We treat business English writing assessment as a joint task of scoring and feedback
generation. Let D = {(x;,y;)})_, denote the dataset, where x; is a writing sample and y; is its
score. The scoring model learns a function f: X’ — Y that predicts the score from the input
text. Each sample is represented by a feature vector xX; = [x;q, Xi2, ..., Xim], Which includes
syntactic, semantic, and stylistic information. These features are modeled jointly because
writing quality is not determined by any one of them alone. We use a latent variable z; to
represent the underlying quality of the text and write the observed score as

yi = 9(z) + €,

where g(-) maps latent quality to the observed score, and €; captures noise from rating
variation. The latent variable is inferred from the input features through

Z; = h(xi).

Feedback is generated from the predicted score y; = f(x;), the reference score y;, and the
input features:

fi = o, ¥, x0),

where ¢ (+) returns feedback linked to specific parts or properties of the text.
The training objective includes both scoring error and feedback quality:

N N
r}%n ; Ly, f(x)) + /1; R (f;),



where L(+) is the scoring loss, R(+) is the feedback term, and A controls their relative weight.

2.3 Manifold Event Optimizer

Figure 1 summarizes the main structure of the model used for scoring and feedback. We do
not treat the response as a single block and assign a score in one step. That approach can miss
local problems, especially when the text is grammatically acceptable overall but uneven in
structure, coherence, or task fit. Instead, the model processes the text in three linked stages. It
first maps the response into a structured latent representation, then analyzes smaller units of
the text in sequence, and finally generates feedback from the resulting local and global signals.
These three stages play different roles. The latent-space component is used to represent
writing quality in a more compact form while preserving the main variation in the input
features. The segment-level component then examines how different parts of the text
contribute to the score, rather than assuming that all parts are equally informative. On top of
this, the feedback component ranks candidate comments and filters out suggestions that are
repetitive or only weakly related to the segment being evaluated. Taken together, this design
links score prediction with feedback generation more directly than a document-level scoring
pipeline alone.

Optimization Framework for
Business English Writing Scoring and Feedback

Jly

—) Business English . y ‘ n Optimized Scores
Writing Samples Improve Scoring Precision & é? & Personalized
L Provide Actionable Feedback ‘ Feedback

Preliminaries

Manifold Event Optimizer

Feedback Engine

Theory & Data Preprocessing Machine Learning Scoring Model Adaptive Response Generation

Cleaned & Structured Data Detailed Writing Feedback

Figure 1: Overall structure of the proposed model. The input text is converted into feature
representations, mapped into a latent space, divided into smaller units for local analysis, and
then used for score prediction and feedback generation.

Latent-space modeling. Given a writing sample x;, we first extract a feature vector
X; S ]Rn,

where the feature dimensions include syntactic, semantic, and stylistic information. These
features are projected into a lower-dimensional latent space M ¢ R¥, with k < n, through a
mapping
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¢:R* - M.
In practice, we write this projection as
z; = p(x;) = W'x,,
where
W = [v,V,, ..., Vi ]

is formed from the first k basis vectors obtained by PCA. The latent representation z; is used
to capture the main variation in writing quality while reducing redundancy in the original
feature space.

To preserve the dominant structure of the data, the projection matrix is chosen to
maximize the retained variance:

max Tr(WTEIW) st W'W =],

where X is the covariance matrix of the input features. This gives a compact representation
that keeps the most informative directions in the data.
Distances in the latent space are then used to compare writing samples:

1" 1"
d(xl-,xj) = llz; =z,

If two responses are close in this space, they are treated as similar in overall writing
quality. Small movements in the latent space can also be interpreted as local revisions. For a
perturbed representation z;" = z; + Az, the corresponding score change can be approximated

by
Ay; = g(z; + 4z) — g(z;),

where g(-) is the score mapping defined in the previous section. This provides a simple way
to estimate how local changes in the representation may affect the final score.

To improve score stability, we also regularize the latent space so that responses with
similar scores remain close:

12
|2

)

1] 1
Llatent = Z Wij 1Z; — Zj|
iLj

where w;; is larger for writing samples with similar target scores. This term encourages a

smoother representation of writing quality and makes later scoring less sensitive to small
variations in surface form.
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Figure 2: Segment-level analysis in the proposed model. After feature extraction, the text is
divided into a sequence of local units. These units are then used for state inference, score
estimation, and feedback generation.

Segment-level analysis. A full-text score can hide local weaknesses, especially when a
response is grammatically correct but uneven in structure or progression. To reduce this
problem, we divide each text into smaller units and model their order explicitly. Let the
observed sequence be

0= (01, 02, ey OT),

where each o, is the feature representation of the t-th segment. The hidden state sequence is
written as

s = (84,53, ., ST), S; €S,

where § = {5;,5,, ..., Sk} denotes the set of segment states. In our setting, these states
correspond to functional parts of the writing, such as claim, transition, support, or conclusion.
We model the sequence with a hidden Markov model. The transition matrix

A= [aij], aij = P(St = S] | S¢_1 = Si),
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captures how one segment type tends to follow another. The emission probabilities are
defined by

bi(o) =P(os | s =S)),

which connect each hidden state to the observed segment features.
Given the model parameters A = (m, A, B), the joint probability of a state sequence and an
observation sequence is

T
P(0,512) =1 bs,(00) | | as,ys, s, (00,
t=2

where Tt is the initial state distribution. The most likely segmentation is obtained by

s* = argmaxP(o,s | 1),
S

which is solved with the Viterbi algorithm.
To make the segment representation more useful for scoring, we associate each segment
with a local score

Ve = q(0g, S¢),
and aggregate these values into the final prediction:

T

ar Y, Z“t =1,

t=1 t=1

A~

y:

N~

where a, controls the contribution of each segment. This allows the model to treat different
parts of the response unevenly rather than assuming that all segments matter to the same
degree.

The segment sequence is also used during feedback generation. If a segment has low local
quality or an unlikely state transition, it becomes a stronger candidate for feedback:

e =y (1 =9) +y, I(sy # 5,),

where 7, is the feedback priority score, §; is the expected segment state under a reference
pattern, and I(-) is the indicator function. Segments with larger r; are more likely to trigger
feedback.

Feedback generation. Feedback is assigned after segmentation, but it is not derived from
the document-level score alone. Segments with similar scores do not always need the same
kind of comment. Some are better described by grammar or wording problems, while others
are more clearly related to coherence, structure, or task fit. For this reason, feedback is
selected separately for each segment.

For a segment E;, let the candidate feedback set be F = {F,,F,, ..., Fy}, where the
candidates correspond to categories such as grammar, clarity, structure, and task relevance.
The probability of assigning feedback type F; to E; is written as



P(E; | F;) P(F)

PR E) = S b (5,1 ) PG

In this expression, P(Ej | Fl-) measures how well the observed segment matches feedback
type F;, while P(F;) reflects how common or important that feedback type is in the training
data.

The posterior score is then adjusted by local context:

P(Fi | E;) = wi(E;) P(F; | Ej).

The weight w;(E;) depends on the segment being evaluated. This means that grammar,
clarity, and discourse-related feedback are not treated in the same way across all segments. A
structurally weak segment, for example, should not be handled like a segment whose main
problem is local wording.

Candidate feedback is ranked by

R(F,E;) = P(F; | E}) —nC(F;, E;),

where C(Fi,Ej) is a redundancy penalty and n controls its strength. This step helps remove
comments that repeat the same point in slightly different forms or add little beyond higher-
ranked suggestions.

The final feedback set for segment E; is

F; ={F, € F I R(F,E) > 1},

where 7 is the selection threshold. Only candidates with sufficiently high ranking scores are
returned. In this way, the model does not attach feedback to every weak segment
mechanically. It keeps comments that are locally relevant and filters out ones that are
repetitive or weakly informative.

2.4  Policy driven Coordination

Figure 3 presents the coordination step used in the model. This step does not optimize scoring
and feedback independently. Instead, it keeps the two processes aligned by updating score
prediction, segment-level analysis, and feedback selection within the same procedure. This
reduces inconsistency between the predicted score and the feedback returned for the text.
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Figure 3: Structure of the Manifold Event Optimizer. The framework unifies manifold based
representation and event level segmentation to enhance the evaluation of writing and the
production of feedback.
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Feedback Guided Policy Adjustment: Figure 4 illustrates how this component adapts
the model’s behavior according to feedback signals. Instead of using fixed parameters, the
model selects actions according to a set of policies. Let P = {P,, P,, ..., B,} denote the policy
set, where each policy maps input features x to actions a. The selection process is defined as:

p* = argg}gg}){IE[U(a | x, P;)]

where U(a | x, P;) measures the usefulness of the selected action under policy P;.
The policy is updated through a feedback loop. The Probabilistic Feedback Filter
evaluates the outcome and produces a distribution F(a | x), which is updated iteratively:

Fern@lx) =a -F@lx)+ (1 —-a)- 6(a—ag,)

where a controls how quickly the model adapts to new observations. This update keeps recent
feedback while still preserving previous patterns.

Policy-driven \,_'I

ad Coordination Framework Bmmmmd ;,I |°

Dynamic Adjustment & Decision-Making

Business English Writing
Data

Accuracy Assessment

User Writing Samples

Manifold Event Optimi

Constramed Optimization Refinement

Figure 4: Policy driven coordination process. Writing inputs are processed, evaluated, and
used to update feedback policies through iterative refinement.



Event Segmentation and Policy Assignment: The Agent driven Event Segmenter
divides the input text into smaller units so that each part can be handled separately. The
segmentation is written as:

Segment(x) = {ey, ey, ..., e} subjectto C(e;)

where C defines constraints on valid segments. Each event e; is associated with features f,
and assigned a policy P,. This makes it possible to apply different strategies to different parts
of the text, instead of using a single global decision.

To account for local context, each feedback category is reweighted:

P(F; 1 E;) = wi(E;) P(F; | E).

Here a)i(Ej) depends on the segment being evaluated, so grammar, clarity, and discourse-
related feedback do not receive the same weight in every case.
We then rank candidate feedback by

R(F, E;) = P(F; | E}) —n C(F, Ey),

where C(Fl-,E-) penalizes redundancy and n controls the strength of that penalty. The final
feedback set is

Fi ={F, € F | R(F, E;) > 1},

where 7 is the threshold for selection.

3 Experimental Setup

3.1 Dataset

Table 1 summarizes the datasets used in our experiments. The four datasets are not
interchangeable: they differ in text type, annotation, and how they are used in evaluation.
Among them, the Business English Writing Samples Dataset is the closest to the target task
because it includes practical business texts such as emails, reports, and proposals. Because it
emphasizes tone and formality, it is particularly useful for tasks related to writing assessment
and feedback generation. In contrast, the Machine Learning Scoring Models Dataset is more
suitable for benchmarking, since it provides a consistent setting for comparing scoring
approaches across different task types. The Personalized Feedback Mechanisms Dataset adds
a user oriented perspective by including profiles, writing histories, and feedback records,
which makes it valuable for studying how feedback can be adapted over time. The Business
Communication Proficiency Dataset has a broader scope, as it includes both written and
spoken communication in professional settings such as meetings, presentations, and
negotiations. Taken together, these datasets provide complementary support for research on
scoring, feedback, and communication assessment in business contexts.

10
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Table 1: Summary of related datasets

Dataset Content Labels Usage Characteristics
Business English Emails, Linguistic Scorin Focuses on tone
Writing Samples reports, features, fee dbac?I; and formality in
Dataset (Hu 2017) proposals proficiency business writing
Machine Learning Classification Supports
Scoring Models Scores, controlled

and regression Benchmarking

Dataset (Lu and tasks metadata comparison of
Samah 2024) scoring methods
Personalized

Feedback Profiles, . Tracks feedback
. . : Interaction Feedback .
Mechanisms writing history, records modelin over time and
Dataset (Tang feedback g user responses
2025)
Business . - Includes both
o Meetings, Proficiency, o .
Communication - . Communication written and
.. presentations, clarity,
Proficiency Dataset assessment spoken

negotiations effectiveness S
communication

(Ding 2022)

3.2 Experimental Details

All experiments are implemented in PyTorch and run on NVIDIA Tesla V100 GPUs. We use
Adam with a batch size of 64 and an initial learning rate of 0.001, decayed by 0.1 every 30
epochs. Standard data augmentation, including random cropping, horizontal flipping, and
color jittering, is applied during training. A two stage training scheme is adopted, where the
model is first trained on a data subset and then fine tuned on the full dataset. We evaluate
performance using accuracy, precision, recall, and F1 score. The implementation details are
summarized in Table 2.

Table 2: Implementation details.

Item Setting Note
Framework PyTorch Implementation and training.
Hardware NVIDIA Tesla V100 GPUs Used for all experiments.
Batch size 64 Selected empirically.
Learning rate 0.001 Initial value.
LR schedule x 0.1 every 30 epochs Improved late stage stability.
Optimizer Adam Faster convergence than SGD.
Augmentation Crop, flip, color jitter Reduced overfitting.
Training scheme Two stage training Subset pretraining, then full data fine tuning.
Primary metric Accuracy Main evaluation metric.
Auxiliary metrics Precision, Recall, F1 Reported for class imbalance.
Hyperparameters Fixed for all runs Ensured reproducibility and fairness.

3.3 Comparison with SOTA Methods

We compare the proposed method with several existing approaches using the results reported
in Table 3 and Table 4. Across all four datasets, our model consistently outperforms the
competing methods, although the magnitude of improvement varies by task. The gains are
particularly evident on datasets with greater variability, such as the Business English Writing

11




Samples Dataset and the Business Communication Proficiency Dataset. This suggests that the
proposed model is better suited to handling heterogeneous writing styles. A likely explanation
for this improvement lies in the way the model represents features. In addition, the
optimization strategy appears to promote more stable training, particularly on datasets with
uneven score distributions. As shown in Table 3, the proposed method improves precision,
recall, and F1 score, with the largest gains observed on the Machine Learning Scoring Models
Dataset. In our experiments, this dataset proved to be especially sensitive to variation in the
training data, and data augmentation helped mitigate this issue. Models trained without
augmentation exhibited a decline in recall, suggesting weaker generalization. The learning
rate schedule also contributed to improved stability during the later stages of training, where
other methods showed greater fluctuation. The results on the Personalized Feedback
Mechanisms Dataset reveal a similar trend. Although the improvement is more modest, it
remains consistent. Because this dataset incorporates user interaction data, the feedback loop
in our model likely contributes by adjusting predictions in response to observed user behavior.
Compared with more static approaches, this leads to more stable performance across different
user groups. Table 4 highlights the efficiency of the proposed method. In addition to
achieving higher accuracy, the model maintains a relatively low computational cost. Both
training time and memory consumption are reduced compared with several baseline methods.
This can be largely attributed to the simplified structure adopted in the optimization stage.
From a practical perspective, this makes the model more suitable for deployment in resource
constrained settings.

Table 3: Comparison of Different Multimodal Learning Methods on the Business English
Writing Samples and Machine Learning Scoring Models Datasets

Business English Writing Samples | Machine Learning Scoring Models
Model
Dataset Dataset

2-9 Accuracy | Precision | Recall | AUC | Accuracy | Precision | Recall | AUC
BLIP (Banister | 85.67 = | 84.92 + |85.14 + 84.89 | 87.23 = | 86.78 * |86.45 + 86.92
2023) 0.52 0.63 0.58 |+0.47| 0.55 0.60 0.59 |#+0.50

OpenCLIP
(AlAfnan et al. 86.45 + | 85.76 + (85.98 + 85.63 | 88.12 &+ | 87.45 *+ [87.23 + 87.67
2023) 0.48 0.57 0.54 |+0.46| 0.49 0.58 0.56 |+0.52
LLaVA (Sunetal. | 87.12 + | 86.34 + |86.56 + 86.21 | 88.89 &+ | 88.23 £ |87.92 + 88.34
2024b) 0.44 0.55 052 |+0.43| 0.46 0.54 0.53 |+0.48
C'é'opligga;‘:]g”’ 86.78 + | 86.03 = [86.25  85.89 | 88.56 = | 88.01 = |87.67 + 88.12
Agustiana 2024) 0.50 0.59 0.56 |+0.45| 0.53 0.62 0.57 |+0.51
InstructBLIP (Sun | 87.45 + | 86.67 + |86.89 & 86.54 | 89.34 &+ | 88.78 + |88.45 + 88.89
et al. 2024a) 0.47 0.54 0.51 |+0.44| 0.44 0.52 0.50 |+0.47
Kosmos-1 (J. Xu | 87.89 + | 87.12 +|87.34 + 87.01 | 89.78 & | 89.23 + |88.92 + 89.34
and Wang 2025) 0.42 0.50 0.48 |+0.41| 0.40 0.49 0.47 |+0.45
ours 89.23 + | 88.67 + (88.89 + 88.45 | 91.12 & | 90.56 % [90.23 + 90.67
0.46 0.53 0.50 |+0.44| 0.43 0.51 0.48 |+0.46
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Table 4: Comparison of Different Multimodal Learning Methods on the Personalized
Feedback Mechanisms and Business Communication Proficiency Datasets

Personalized Feedback Mechanisms Business Communication
Model a
Dataset Proficiency Dataset
2-9 Accuracy | Precision | Recall | AUC | Accuracy | Precision | Recall | AUC
BLIP (Banister | 85.67 | 84.93 &+ |85.12 + 84.75 | 87.45 + | 86.78 + |86.92 H 86.34
2023) 0.52 0.61 0.58 |+0.54| 0.49 0.57 0.60 |*0.55
OpenCLIP

(AlAfnan et al. 86.23 + | 85.56 + (85.74 + 85.21 | 88.12 + | 87.45 + [87.63 4 87.05
2023) 0.47 0.53 0.59 |+0.50| 0.44 0.52 0.56 |+0.51
LLaVA (Sunetal. | 87.01 = | 86.34 £ |86.52 & 86.03 | 88.89 = | 88.23 £ |88.37 & 87.79
2024b) 0.49 0.57 0.55 |+0.48| 0.46 0.54 0.58 |+0.53
C'é'oplig"a;?][j'”’ 86.78 + | 86.12 = |86.20 + 85.81 | 88.67 = | 88.01 = |88.15 # 87.57
Agustiana 2024) 0.51 0.59 0.57 |*x0.52| 0.48 0.56 0.60 |*0.55
InstructBLIP (Sun | 87.45 % | 86.78  [86.95 + 86.48 | 89.34 &+ | 88.67 + |88.81 4 88.23
et al. 2024a) 0.46 0.54 0.52 |+0.49| 043 0.51 0.55 |*0.50
Kosmos-1 (J. Xu | 88.12 + | 87.45 % |87.63 4 87.21 | 89.89 = | 89.23 +|89.37 4 88.79
and Wang 2025) 0.44 0.52 0.50 |+£0.47| 0.41 0.49 0.53 |+0.48
ours 89.67 = | 89.01 +|89.18 + 88.76 | 91.23 &+ | 90.56 *+ {90.72 + 90.34
0.42 0.50 0.48 |+0.45| 0.39 0.47 0.45 |+0.43

3.4 Ablation Study

We conduct an ablation study to evaluate the contribution of each component to the overall
performance. The results are presented in Table 5 and Table 6. The study considers three main
components: Hypothetical Writing Scenario Modeling, the Hidden Markov Segmentation
Framework, and the Integrated Writing Feedback Framework. As shown in Table 5, removing
the Hypothetical Writing Scenario Modeling module results in a clear decline in performance.
This drop is particularly pronounced on datasets with greater variation in writing style,
suggesting that the manifold based representation is effective in capturing distinctions that are
difficult to model in the original feature space. The Hidden Markov Segmentation Framework
exhibits a different effect. When this component is removed, the overall performance does not
deteriorate dramatically, but the quality of the generated feedback becomes less stable. In
particular, the model is more likely to produce generic suggestions, indicating that the
segmentation mechanism helps identify localized issues within the text. The contribution of
the Integrated Writing Feedback Framework is summarized in Table 6. Excluding this module
leads to performance degradation across all metrics, especially those related to feedback
quality. These results suggest that probabilistic filtering plays a key role in selecting useful
feedback while suppressing less relevant suggestions.
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Table 5: Ablation study on Multimodal Learning methods using Business English Writing
Samples and Machine Learning Scoring Models datasets

. . Business English Writing Samples Machine Learning Scoring Models
Configuration
Dataset Dataset
2-9 Accuracy|Precision| Recall | AUC |Accuracy|Precision| Recall | AUC
w./o.
Hy\f\zti?iitéca' 87.56 % | 86.89 % |87.12 % | 86.78 % | 89.34 % | 88.89 % |88.56 % |88.92 %
: +0.48 +057 | £0.54 | +£0.46 | +0.45 +054 | +£0.52 | +0.49
Scenario
Modeling
w./0. Hidden
Markov 88.12 % | 87.45 % |87.67 % |87.34 % | 90.01 % | 89.56 % [89.23 % |89.67 %
Segmentation | +0.46 | *£0.55 | £0.52 | £0.44 | £043 | £0.52 | £0.50 | £0.47
Framework
w./o.
”\‘,t\‘;rgltrf‘rfgd 88.78 % | 88.12 % | 88.34 % | 87.89 % | 90.67 % | 90.23 % |89.89 % |90.34 %
+0.44 | +£053 | £050 | +£0.42 | +£0.41 | 050 | +0.48 | £0.45
Feedback
Framework
ours 89.23 % | 88.67 %0|88.89 %(88.45 % 91.12 % | 90.56 % |90.23 %|90.67 %
+0.46 | 053 | 050 | +0.44 | +0.43 | 051 | +0.48 | +0.46

Table 6: Ablation Study on Multimodal Learning methods using Personalized Feedback
Mechanisms and Business Communication Proficiency datasets

Configuration

Personalized Feedback Mechanisms

Business Communication Proficiency

Dataset Dataset
2-9 Accuracy |Precision| Recall | AUC |Accuracy|Precision| Recall | AUC
w./o.
Hy\';’\zti?if]téca' 87.45 % | 86.78 % | 86.95 % | 86.48 % | 89.34 % | 88.67 % |88.81 % |88.23 %
; +046 | 054 | =052 | £049 | 043 | *£0.51 | *+0.55 | +0.50
Scenario
Modeling
w./0. Hidden
Markov 88.12 % | 87.45 % |87.63 % |87.21 % | 89.89 % | 89.23 % [89.37 % |88.79 %
Segmentation | +0.44 | £0.52 | £0.50 | £0.47 | *0.41 | *0.49 | £0.53 | £0.48
Framework
w./o.
”\‘,t\‘;ﬁtrf‘rf;d 88.67 % | 87.98 % | 88.15 % | 87.73 % | 90.12 % | 89.45 % | 89.59 % | 89.01 %
+0.45 | 053 | £0.51 | +£0.46 | +£0.40 | +0.48 | +0.52 | £0.47
Feedback
Framework
ours 89.67 % | 89.01 %|89.18 %(88.76 %|91.23 % | 90.56 % (90.72 %|90.34 %
+0.42 | 050 | +0.48 | +£0.45 | +0.39 | *+0.47 | +£0.45 | +£0.43

4 Conclusions and Future Work

This study uses a model to test the scoring and feedback of business English writing. The
model includes structured reports, segmented analysis, and problem feedback options.
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Connecting comments to text sections, not just document scores, makes revisions more direct.
Experts say this model is better than the baseline in terms of the quality of scoring feedback.
On datasets with style changes, the benefits are more obvious, which means it can better
handle imbalanced/different responses compared to simple methods.The effect changes with
the dataset. Some improvements are related to task settings and data. Few cases of
inconsistency between scores and feedback are found.

There are still some limitations. The current segmentation strategy is predefined, which
may not adapt well to all types of writing. More flexible segmentation methods could improve
this part of the model. The feedback generation process is also mainly based on probabilistic
selection, which limits how well subtle language issues are captured. Incorporating stronger
language modeling techniques may help address this. Future work will focus on these aspects,
especially improving how the model adapts to different writing contexts and refining the
feedback generation process. Overall, the results suggest that combining structured
representation with adaptive feedback is a practical direction for automated writing evaluation.
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